ABSTRACT The multi-source impact signal of reciprocating compressor often represents nonlinear and non-stationary. For this reason, the fault features of the signal are difficult to quantitatively describe using conventional signal processing methods. In this paper, a novel adaptive waveform decomposition method was proposed to convert the strong non-stationary multi-component signal into stationary single-component signal. Subsequently, the signal was denoised with threshold-based mutual information to protect from being interfered by the noise. Finally, to measure the nonlinearity of reciprocating compressor signals in four states (normal valve sheets, gap valve sheets, fractured valve sheets, and bad spring), the normalized Lempel-Ziv complexity indexes were employed. The results reveal that the proposed method is capable of extracting the different faults states of reciprocating compressor accurately, which supplies a measure of fault diagnosis and maintenance strategy for the reciprocating compressor.
I. INTRODUCTION
Reciprocating compressors are vital to the oil and chemical production. However, due to its more complex structure and motion, and the larger number of wearing parts, it is more difficult to diagnose than the rotating machines [1] . In various monitoring methods of reciprocating compressor, the vibration analysis method is the most widely used for its convenience in testing and its sensitivity to mechanical failure. It is generally known that in the field of mechanical fault diagnosis, the feature extraction method of vibration signal is continuously optimized with the advancement of signal processing technology. Many advanced fault feature extraction methods have been extensively studied [2] - [4] . However, owing to many internal excitation sources in reciprocating compressors, the monitored vibration signal of reciprocating compressor gas valve usually refers to a multi-source impact property, being typically nonlinear and non-stationary.
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Conventional signal processing techniques based on the assumption that the signal is stationary and linear might extract some false features when applied to the non-stationary signal [5] . Accordingly, features of reciprocating compressor are difficult to extract effectively.
Modern signal processing technique based on timefrequency analysis can effectively process the non-stationary multi-component signals. Several signal decomposition methods show the advantage of simplifying and processing multi-component signals. In recent years, a series of signal decomposition theories and techniques have been developed and widely used in various disciplines and engineering fields (e.g. Fourier transform [6] , short-time Fourier transform [7] , wavelet transform [8] , Second-generation wavelet transform [9] , multi-wavelet transform [10] , chirplet transform [11] and atomic decomposition [12] ). All of them are based on the basic function expansion of the inner product transform principle, performing the similarity measure between the signal and the basis function. The typical fault signals of rotating machinery with obvious waveform features (e.g. harmonic waveforms of rotor system faults, modulation waveforms of rolling bearing faults, and single-sided oscillation attenuation waveforms of gear faults) are well consistent with the decomposition results. Thus, modern signal decomposition techniques have significant application effect on fault feature extraction of rotating machinery.
However, for the reciprocating machinery, the vibration signal represents strong nonlinearity, non-stationarity and multi-source impact, so it is unlikely to adapt all waveform features using one or several given basis functions. In the absence of sufficient prior knowledge, if a fixed basis function is employed for signal decomposition, erroneous information will be generated, and the physical meaning will be unclear. Feature information sufficient to identify the fault is difficult to extract. In recent years, some adaptive signal decomposition methods, including empirical mode decomposition (EMD) [13] , local mean decomposition (LMD) [14] and local characteristic-scale decomposition (LCD) [15] , have been gradually proposed. Those methods are not required to predict the feature information contained in the analyzed signal, and they completely follow the waveform of the signal. Thus, it exhibits good adaptability in signal processing. Though many related achievements have been obtained in the field, they also have the following problems: 1) the magnitude of the feature amplitudes under different states are largely different, the real physical meaning is unclear, and the comparability is poor; 2) the feature amplitude under the same state may be significantly fluctuated with different samples, so the results exhibit poor repeatability and stability; 3) there may be different effects of noise interference on the accuracy of the results. Those problems are closely associated with the nonlinear dynamic characteristics of reciprocation compressor. It is an important prerequisite for fault diagnosis to judge and quantitatively describe the nonlinearity and evolution of reciprocating compressor in different states. For the nonlinear time series, some quantitative indicators (e.g. correlation dimension [16] , Lyapunov exponents [17] , entropy [18] - [22] and complexity [23] ) have been well applied. Among them, the Lempel-Ziv complexity (LZC) has many good advantages to measure the complexity of time series arose from the nonlinear dynamics system. The more complex the time series, the larger the LZC value will be. Therefore, the LZC can be applied to quantitatively describe the fault feature of reciprocating compressor gas valve.
With the development of online testing technology, some real-time fault-diagnosis systems based on big data and machine learning algorithm are proposed [24] . There is an important theoretical significance and engineering value. However this method depend on complete condition monitoring system and cloud environment which could supply the big data of reciprocating compressor. Maybe some corporation petroleum and petrochemical enterprises do not have these conditions. Additionally, different fault samples are difficult to be obtained in daily monitoring, the identification of small sample is still a big problem for the machine learning algorithm. On the other hand, because of the influence of multi-source excitation, the sample space of fault feature represent strongly nonlinear, which will significantly increase the difficulty of classification. Therefore, effective fault feature vectors should be obtained first through signal processing techniques before recognition.
In order to improve the diagnosis accuracy of reciprocating compressor, effective and quantitative features should be extracted firstly. On one hand, the vibration signal of reciprocating compressor represents the complex feature of nonlinearity, non-stationarity and multi-source impact, many excitation information are mixed together, the typically and useful feature information may be not significant. On the other hand, the vibration signal of reciprocating compressor may be strongly influenced by background noise. For solving the above problems, an integration approach based on adaptive waveform decomposition (AWD) and Lempel-Ziv complexity (LZC) was proposed. Using the AWD method, the non-stationary multi-component signal of reciprocating compressor can be converted into a series of stationary singlecomponent signal which are rich in useful feature information. The LZC method is applied to quantitatively describe the complexity of nonlinear signal and supply an effective feature. Therefore, both the AWD method and LZC algorithm have its own function in improving the diagnosis accuracy of reciprocating compressor, and the integration method of AWD and LZC will have the best effect. In summary, the main contributions of this paper are as follows 1) A novel AWD method is proposed which can adapt to the feature extraction of non-stationary signal with multicomponents. The decomposition results only depend on the characteristics of the signal, and their physical meaning are more clear.
2) Based on the existing solution of Lempel-Ziv complexity (LZC), we developed a dynamic LZC algorithm. The dynamic LZC indicator of variation not only considers the global basic features of the signal, but also extracts local detail features.
3) In order to select the most useful waveform components that are rich in state information, the mutual information between each waveform component and the original signal were calculated. In the meantime, this method can reduce the interference of noise.
The rest of the paper is structured as follows: Section II introduces the architecture of the proposed solution; Section III presents the AWD algorithm process and its application in simulation signal and experimental data of reciprocating compressor; Section IV discuss the characteristics of LZC method on measure nonlinear time series; Section V extracts the fault feature of reciprocating compressor gas valve based on the integration of AWD and LZC method; and Section VI concludes the paper.
II. ARCHITECTURE
The proposed feature extraction of reciprocating compressor approach architecture is shown in FIGURE 1. The data VOLUME 7, 2019 FIGURE 1. The proposed feature extraction of reciprocating compressor approach architecture.
analysis process runs in a offline environment. The proposed architecture has three main parts:
The working condition of each component in reciprocating compressor is not independent, and has some connections with other components. That is why the fault feature extraction of reciprocating compressor is so difficult in practice. For solving this problem, firstly, we select the test position and corresponding vibration data which is close to the component that need to be monitored.
B. NON-STATIONARY MULTI-COMPONENTS SIGNAL PROCESSING
The proposed AWD method can adaptively decompose the non-stationary multi-component signal into a series of stationary single-component signal without any prior mechanism knowledge of each component in reciprocating compressor. The useful fault feature information will be more prominent in the waveform component when the vibration signal changed with different component states.
C. NONLINEAR FEATURE DESCRIPTION
The LZC analysis of each waveform component will quantitatively describe the feature differences more significant. Therefore, the combination of the AWD method and the LZC method provides a solution strategy to identify the states of different components.
III. NON-STATIONARY MULTI-COMPONENT SIGNAL ANALYSIS BASED ON ADAPTIVE WAVEFORM DECOMPOSITION A. ADAPTIVE WAVEFORM DECOMPOSITION ALGORITHM
Many test signals of machine usually contain various components from different excitations. Thus, to extract the feature of each component, the multi-component signal should be decomposed first. In the calculation of the conventional frequency and instantaneous frequency of the multi-component non-stationary signal, the signal can be finally reduced to the following two forms
(1)
where R(t) is the residual term.
The two formulas express frequency information in a superposition of multiple harmonic waveforms, which is much suitable for the multi-component signal of rotating machinery. However, the actual multi-component signal of reciprocating compressor do not exhibit harmonic waveform characteristics, and they are likely to consist of a limited number of other shape waveforms. Considering the efficiency, accuracy and frequency physical meaning of signal decomposition, the harmonic waveform combination is not consistent with the essential features of the signal. In this paper, a novel adaptive waveform decomposition (AWD) method was proposed to adapt to the feature extraction of non-stationary signal with multi-components.
where s m (t) denotes the mth waveform function contained in the original signal; W (t) is the residual term. The implementation process is defined as: 1) Assuming that the discrete time series corresponding to the signal x(t) is {x(i)|i = 1, 2, 3, · · · , n}. Subsequently, according to equation (4), the local maxima n 1 in the signal x (t) is found as the first layer extreme value sequence
2) A local mean m(t), a local amplitude a(t), and a local frequency can be given below
where n k is the number of samples contained between the kth maximum and the k +1th maximum. The local frequency v(t) represents the number of times completing the vibration in a unit of local time. It is used to measure the speed of local vibration, and the unit is still Hz. The local amplitude a 1 (t), the local mean m 1 (t) and the local frequency v 1 (t) corresponding to the first-order extreme value sequence p 1 (t) are calculated by equation (5) to (7).
3) a 1 (t), m 1 (t), and v 1 (t) are smoothed using the moving average technique.
4) The local amplitude is de-averaged to yield the amplitude envelope curve a 1 (t), which is expressed as
5) Likewise, the n 2 local maxima is found as the second layer {p 2 (k)|k = 1, 2, 3, · · · , N 2 } in first layer of extreme sequence {p 1 (k)|k = 1, 2, 3, · · · , N 2 }, and smoothing and de-averaging processing are continued to yield the amplitude envelope curve a 2 (t) following step 2), 3), 4). 6) Repeating the above steps until the m-th order extremum sequence {p m (k)|k = 1, 2, 3, · · · , N m } is found; when it satisfies N m ≤ 2, the decomposition is ended.
According to the above method, x(t) can obtain m − 1 amplitude envelope curves a 1 (t), a 2 (t), · · · a m−1 (t), so each component decomposed from x (t) is obtained as follows.
The mentioned decomposition process only depends on the characteristics of the signal x (t) itself, and the local frequency of each components s 1 (t), s 2 (t), · · · s m (t) does not depend on the harmonic form. Thus, the proposed AWD method exhibits good adaptability. According to the above description, a flow chart of the AWD algorithm is yielded, as shown in FIGURE 2.
B. SIMULATION ANALYSIS
It is known to all that different signal should require its appropriate signal processing technique. For the reciprocating compressor, the vibration signal typically represents the feature of nonlinearity, non-stationarity and multi-source impact. Before the application of proposed AWD method, we should verify the validity and applicability of AWD according to some simulation signal which have the similar features. In this way, we can easily justify the correctness of decomposition result by comparing with the original signal components defined in equation.
Before the application of proposed AWD method, we should verify the validity and applicability of AWD according to some simulation signal which have the similar feature of nonlinearity and non-stationarity with reciprocating compressor. Therefore, a simulation examples are taken as the research object, and the main characteristics of the proposed method above in the analysis of multicomponent signals are detailed by being compared with the EMD (Empirical Model Decomposition) method [25] . In this way, we can easily justify the correctness of decomposition result by comparing with the original signal components. In the equation (10), the signal x (t) consists of a harmonic signal and a FM-AM signal.
The decomposition effects of the simulation signal x (t) based on AWD and EMD are shown in FIGURE 3. Obviously, both of them can effectively extract the three waveform component contained in the original signal, which are decomposed from high frequency to low frequency respectively. The figure suggests that the first layer of AWD and EMD result is the FM-AM component, the second layer is the harmonic component, and the third layer is the trend term. With the rise in the number of decomposition layers, the distance between the first extreme point of the layer and the first data point will increase. Whether it is the sliding average method or the spline envelope method, it is difficult to give a satisfactory fit. Though many scholars have given various endpoint extension methods, these methods have always been ineffective for nonlinear and non-stationary signals. Accordingly, the proposed method is capable of accurately extracting the essential features of the waveform components contained in the original signal, and its validity and applicability was verified according to the simulation signal above.
C. EXPERIMENTAL ANALYSIS
In this study, a 2D12-70/0.1∼13 type reciprocating compressor was used for the experimental. The compressor consists of a two-stage air intensifier with an air-cooling system. A threephase induction motor drives the compressor to run at a speed of 496 rpm. The details of the system are provided in TABLE 1 below.
For the experimental study, the compressor is instrumented with several different sensors. A pressure transducers are mounted into the second cylinder to measure the cylinder pressure waveforms. An optical shaft encoder is attached to the crankshaft. There are six vibration acceleration transducers fixed on gas valve cover as shown in FIGURE 4. Based on the experimental system, some experiments were carried out with four types of reciprocating compressor gas valves including normal valve, gap valve, fractured valve and bad spring valve. Sample frequency is 20000 Hz. FIGURE 5 displays the disposition of experimental equipment. The time waveforms of vibration for reciprocating compressor gas valve in four states are shown in FIGURE 6.
In FIGURE 6, due to the existence of faults, the impact waveforms and impact moments vary, the features of each time domain waveform are less significant, and even the feature of each cycle are difficult to judge. Thus, the excitation source corresponding to each impact waveform cannot be directly discriminated from the time domain waveform. To more effectively extract the time-domain features of the multi-source shock vibration signal of the reciprocating compressor, the AWD method proposed in this study was applied. Take the vibration signal in normal valve state as an example. The AWD result of the vibration signal in the normal state of the gas valve is shown in FIGURE 7. The original signal was quickly decomposed into 7 waveform component signals, and it could be discriminated that the first three waveform components belong to the high frequency band signal, and the last four waveform components belong to the low frequency band. The signal was analyzed from the amplitude variation. With the rise in the number of decomposition layers, the smaller extremum information will be gradually filtered out, i.e. the larger extremum information will be retained, and the endpoint effect will be gradually increased.
The EMD result of the vibration signal in the normal state of gas valve is shown in FIGURE 8. At this time, the signal is split into 11 layers of IMF (Intrinsic Mode Function) components. The iteration speed is obviously slower than that of the AWD method, and the frequency also varied from high to low. The amplitude is gradually larger than that of decomposition layers, and the endpoint effect is inclined to be amplified as well. From the decomposition effect, the number of EMD decomposition layers is too small, the bandwidth between the layers may overlap, and the latter two layers exhibit poor signal volatility, which should belong to the trend item category. Redundant information are attributed to the strict convergence condition of EMD. In contrast, the AWD method exhibits higher decomposition efficiency, and the difference between layers is easy to recognize. The last component is not a trend term but a signal component that still has a meaning of fluctuation. Accordingly, by comparing the time domain features of the two adaptive decomposition methods in the normal state of gas valve, it is revealed that the AWD method have better decomposition efficiency and decomposition effect than the EMD method.
IV. FEATURE EXTRACTION OF NONLINEAR TIME SERIES BASED ON LZC A. ALGORITHM OF LZC
The definition of complex measure was proposed by Kolmogorov and characterized by the number of bits of the shortest program required to generate a sequence of symbols. Later, to achieve this complexity, A. Lempel and J. Ziv proposed an algorithm called Lempel-Ziv complexity (LZC), which has been widely used in nonlinear scientific research [26] . LZC analysis is based on a coarsegraining of the measurements. Before the LZC measure is calculated, the time series should be converted into a finite symbol sequence. In general, an arbitrary time series {x (i) |i = 1, 2, 3, · · · , n } is converted into a binary series. Compared with the threshold, x (i) are converted into a 0-1 series {S (i) |i = 1, 2, 3, · · · , n } as follows [27] .
where xave denotes the mean of time series of x (i). Then, the LZC measure can be estimated using the following algorithm as shown in FIGURE 9. Above algorithm is repeated until Q becomes the last character. The measure of complexity is c (n). To obtain VOLUME 7, 2019 a complexity measure independent of the series length, c (n) should be normalized. If the length of the sequence is n and the number of different symbols in the symbol set is 2, it has been proved that the upper bound of c (n) is defined as
and c(n) can be normalized by b(n)
where the normalized complexity index C is termed as Lempel-Ziv complexity. Obviously, equation (13) can be established only if the sample length n is sufficiently large. The literature has given the experience valve n ≥ 3600 [28] The complexity index C denotes the random degree of time series. For the completely random time series, C is close to 1. Furthermore, the periodic time series is close to 0. In practice, the vibration signals of reciprocating compressor vary with each fault states randomly, so the LZC can be extracted as a useful measure for machine health condition features.
B. PERFORMANCE EXPERIMENT OF LZC
To verify the effectiveness of LZC method, the typical nonlinear dynamical system were taken as an example to investigate the performance of LZC. Consider the following Logistic map [29] 
where x n ∈ [0, 1], λ ∈ [2.8, 4]; λ is the control parameters; the step size is 0.01. The sample length of nonlinear time series is N = 5000. According to the LZC algorithm, the complexity index C of Logistic map with different parameters λ can be calculated; the result is shown in FIGURE 10.
Observe FIGURE 10(a) and FIGURE 10(b), it indicates the dynamical behavior of logistic map with different control parameters λ. The trends of Lyapunov exponent and the complexity index C are much synchronous. When 2.8 ≤ λ < 3.57, Lyapunov exponent is less than zero and it shows that Logistic system enters in periodic or quasiperiodic region. Moreover, most values of LZC are close to zero. When 3.57 < λ ≤ 4, Lyapunov exponent is greater than zero and it indicates that the system enters chaos region. In the meantime, the complexity index C tends to be around 0.5. During this region, Lyapunov exponent less than zero including λ = 3.63, λ = 3.74 and λ = 3.83 are called periodic windows. In these regions, the complexity index C is still close to zero.
In summary, LZC can be used as identifying the dynamical behavior of nonlinear system effectively. The analysis results are stable and reliable when the number of samples increase. Thus, the LZC value of different system states can be compared together without any prior knowledge about fault mechanism.
V. APPLICATION IN FAULT FEATURE EXTRACTION OF RECIPROCATING COMPRESSOR A. PRE-PROCESSING ANALYSIS OF VIBRATION SIGNAL
To reduce the influence of noise on the nonlinear and nonstationary measure analysis results of multi-source impact signals of gas valve, the pre-processing based on AWD and mutual information (MI) fusion noise reduction technology was proposed. The definition of MI can be given as follow [30] .
where p (x), p (y) and p (x, y) denote the probability density function of two random variables X , Y and the joint probability distribution of (X , Y ). MI indicates whether the two variables X and Y have a relationship, and the strength of the relationship. When they are absolute, MI value will be 0. When they are fully the same, the value will be 1. The vibration signal in the normal state of the gas valve was taken as an example to illustrate the process. As shown in FIGURE 7, the original valve signal is adaptively decomposed into 7 waveform component signals. s 1 , s 2 , · · · s 7 . The MI value of each component signal and the original signals were calculated following the steps of the equations (15), respectively, and the results are shown in FIGURE 11. FIGURE 11 shows that the MI values of the first layer and the fourth layer are the largest, which is significantly higher than the other layers. So it indicates that the correlation between the waveform component signals s1 and s4 and the original valve signal is the strongest. Accordingly, the two component signals are selected for recombination as the noise-reduced signal. FIGURE 12 shows the comparison of the effects before and after the noise reduction process. The noise-reduced signal maintains the periodic characteristics and impact characteristics of the original signal, and achieves the purpose of noise reduction, while retaining the characteristic information of the original valve vibration signal.
B. LZC ANALYSIS OF GAS VALVE VIBRATION SIGNAL
After the noise reduction pre-processing of the reciprocating compressor, the proposed LZC method is used to calculate the normalized LZC index of the valve signal in the four states. To improve the accuracy of the comparison results, each valve state is selected. For the 10 groups of samples, the sample length is selected as 10000, and the calculation result is shown in FIGURE 13. FIGURE 13 indicates that the normalized LZC index distinguishes the feature extraction effects of the reciprocating compressor valve signals in the four states, and there is no crossover interference. The LZC index values of different groups of samples in the same state are stable as well, following the statistical ''3σ '' principle: the closer the distance mean, the greater the probability of value will be; the smaller the opposite, the majority of the values will fall on (m − 3σ, m + 3σ ) within the interval. The LZC indicator characteristic value interval of each state of the reciprocating compressor valve can be split, as listed in TABLE.2. Though the LZC index has small crossover and overlap in each state of the gas valve, it is a small probability event according to the probability ''3σ '' principle.
C. DYNAMIC LZC FEATURE
To verify the reliability and repeatability of the LZC index partition interval, a dynamic LZC algorithm was proposed: for a time series of length N , from the first data, the data in the rectangular window of length L is sub-Sequence, LZC processing is normalized, and then the window is slid backwards; the sliding step is τ points, the next set of sub-sequences is obtained, thus (N − L) τ LZC indicators are obtained, forming a group with time. The dynamic LZC indicator of variation not only considers the global basic features of the signal, but also extracts local detail features. The length of the sample is N = 200000, the length of the window is L = 10000, and the size of sliding step is τ = 2000. The LZC sequence of 95 sets of data samples can be developed. The evolution curve of each state LZC with time is shown in FIGURE 14. FIGURE 14 suggests that the LZC index of each state is more obvious, in which the LZC value of the gas valve is the largest under normal state, followed by the valve plate notch state and the valve less spring state. From the perspective of time volatility, the fluctuation of the gas valve under normal conditions is the smallest, followed by the valve less spring state and the valve plate notch state; the fluctuation of the valve plate in the fracture state is the largest. Most of the state LZC indicators still fall within the division range of the state, and the coincidence rate is over 95%, suggesting that the LZC index does not change significantly due to the change of sample points. It exhibits good stability and recognition ability, and it is of certain reference implication for gas valve fault diagnosis.
VI. CONCLUSION
An integrated method based on AWD and LZC was proposed to achieve feature extraction for the vibration signal of reciprocating compressor with nonlinear and non-stationary characteristics. According to the AWD, the multi-component signal can be converted into a series single-component signal adaptively without any prior-knowledge. The LZC feature interval exhibits good reliability and repeatability, capable of effectively identifying different states of the reciprocating compressor. Over time, the dynamic LZC index in different states is reflected in the complexity and randomness evolution of the state of the reciprocating compressor system. The fluctuation of the gas valve under normal conditions is the smallest, and the stability is the best. Subsequently, the spring is damaged, the valve plate is notched, and the valve plate exhibits the largest fluctuation and the worst stability.
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